Abstract: In this paper we investigate the use of global optimization algorithms coupled with a validated pulmonary physiology simulator, to determine optimal solutions to the tradeoffs involved in Mechanical Ventilation (MV) therapy. Formulating the problem as a multiobjective, multivariable constrained optimization problem, we use two dissimilar algorithms, one based on evolutionary computation, the other on a pattern search strategy, to compute optimal settings of tidal volume (Vtidal, ml), ventilation rate (breaths min -1 ), inspiratory to expiratory duty cycle (IE) and positive end expiratory pressure (PEEP, kPa). The resulting settings minimize the values of a number of risk factors for VALI, while maintaining adequate levels of patient oxygenation, and provide valuable insights into the effects of variations in the different settings..
INTRODUCTION
Mechanical ventilation (MV) of the lungs is a commonlyused, life-saving procedure. It is estimated that MV is required by nearly 1.5 million patients in the United States every year (Hill et al, 2001 ). However, mechanical ventilation also exposes patients" lungs to potentially damaging positive pressures, (Gammon 1992 , Dreyfuss et al 1992 , Boussarsar et al 2002 , Anzueto et al 2004 . As a result, ventilation-associated lung injury (VALI) occurs in 2.9% of patients receiving MV, necessitating prolonged stays in the ITU and causing pneumonia, lifelong lung scarring, and even multiple organ failure (Gammon 1992 , Anzueto et al 2004 .
High peak alveolar pressures or large tidal volumes expose alveoli to the risk of barotrauma (Gammon 1992 , Dreyfuss et al 1992 . Peak alveolar pressures are related to peak airway pressures, but in lungs with a heterogeneous distribution of time constants the distribution of alveolar peak pressures is impossible to measure clinically. Furthermore, repetitive opening and closing of alveoli and the feeding bronchioles may cause injury through the generation of shear stresses. Diseased lung regions may be further inflamed or otherwise impaired such that usually clear passages open only during positive pressure inflation and close again as the inflating pressure is withdrawn.
There have been many attempts at investigating systematic approaches of choosing ventilator settings in order to maintain desired blood-gas partial pressures while minimizing the risk factors associated with VALI and as such has been the subject of intense interest in the medical community in recent years. For example Rutledge (Rutledge 1993 ) and more recently Rees (Rees 2006) have presented comprehensive systems relying on simple mathematical models to monitor and support decisions taken during the application of MV. However, they along with others are hampered by several factors, which include (a) the difficulty or impossibility of measuring key patient variables reflecting the effects of mechanical ventilation in vivo, (b) the inhomogeneity of physiological responses over time and over the patient population, (c) the number of different ventilator parameters which may be adjusted in series or in parallel by the clinician, (d) the lack of clarity over which physiological parameters represent the most important risk factors for VALI, and (e) the ethical constraints on research on patients who are unable to give their own consent. As a result, limited progress has been made in this area, with ventilator parameters still typically being set using heuristic approaches which are heavily influenced by the clinician"s ability and experience, and large local, national and international variations exist in treatment protocols (Metnitz 2009) .
In this paper, we propose high-fidelity, validated computational modeling combined with global optimization methods as a framework which can address many of the above difficulties by performing quantitative "virtual" experiments on infinitely compliant and strictly controlled in silico "patients". These experiments may be used to enhance understanding of the causes and pathophysiologies of VALI, interrogate the effectiveness of "typical" ventilator parameter settings on different pathologies in different patients, and suggest novel (possibly counterintuitive) settings for subsequent testing in clinical trials. A particular advantage of in silico approaches is that they can be used to investigate scenarios where conflicting processes are occurring and the tradeoffs involved in varying multiple parameters are not intuitively obvious. This is clearly the case for the problem considered in this study, which requires the management of tradeoffs between oxygenation objectives and VALI risk factors via simultaneous adjustment of four ventilator parameters -the tidal volume, the ventilation rate, IE ratio and PEEP. The clinical objective here is to optimize these ventilator settings to minimize the risk factors for VALI, while guaranteeing effective arterial oxygenation and acidbase balance. In mathematical terms, this problem corresponds to a multivariable and multiobjective constrained optimization problem. The dynamics of the ventilatorrespiratory system are complex, and include significant nonlinear and non-smooth properties. As a result, traditional gradient-based optimization algorithms are highly unlikely to compute globally optimal results and we instead employ global methods that have proven to be effective in solving non-convex problems with non-differentiable functions, nonlinearities and stochastic properties, (Mitchell 1998 , Audet et al 2007 . Although there have been some previous attempts to apply optimization methods in the context of mechanical ventilation, (Gupta et al 1978 , Rudowski et al 1991 , this study is the first to (a) employ a computer simulation model which has been comprehensively validated both from a clinical (Hardman et al, 1998) and engineering point of view (Das et al 2010) , (b) investigate the potential of global multiobjective optimization algorithms and (c) incorporate specific consideration of VALI risk factors.
METHODS

Simulation model
The simulation model considered in this study is an extended MATLAB® implementation of several physiological models originally developed within the Nottingham Physiology Simulator (NPS) (Hardman 2001) . The core models in the simulator are designed to represent a dynamic in vivo cardiopulmonary state using a mass-conserving set of equations based on well-established physiological principles. Designing the simulator as a set of iterating routines allows the accurate representation and observation of gradual changes in several parameters that are otherwise difficult to estimate in vivo. In this model, the lungs are modeled as a dynamical system comprising external equipment (e.g. a mechanical ventilator, conducting airway), anatomical and alveolar deadspaces, and ventilated, perfused alveoli. In this study, 100 individual alveolar compartments have been incorporated into the model. The general configuration of the model is given in Table 1 . For detailed explanation, the reader is referred to (Hardman 2001 , McCahon et al 2008 .
In a model of this type it is important to account for inherent inhomogeneity arising from variability in clinical, physiological and pathological parameters (Haldar et al 2008) . Each alveolar compartment in the model can be attributed a specific pulmonary vascular resistance, inlet resistance (bronchiolar gas-flow) and compliance in order to create any desired ventilation-perfusion distribution. In this study, we represent a particular lung composition by distributing the model parameters determining the ventilation-perfusion ratio within the lung over the 100 alveolar compartments, as shown in Figure 1 . The figure clearly shows the heterogeneous nature of the lung representation considered here, of which Figure 1(a) closely matches the data from (Wagner et al 1974) i.e. atleast 95% of ventilation and perfusion in a young male is confined to within the V:Q ratio of 0.3 and 2.1. Figure 1 (b) displays the V:Q distribution of a diseased lung, created in silico by artificially manipulating the bronchiolar and vascular resistances and increasing the anatomic shunt for 1% to 10%. It shows a varied dispersion of VQ ratios around the lung. The distribution in comparison to Figure 1 (a) has 1) a significant shift to the right (due to increased shunt), 2) a second peak, displaying an increase in the number of poorly perfused alveolar compartments and 3) significantly lower ventilation at lower V:Q ratio. For further details of the simulation model and its calibration, the reader is referred to (McCahon et al 2008) .
The model used in our study has been comprehensively validated using both standard clinical approaches and formal Systems Engineering methods. In (Hardman 1998 , McCahon et al 2008 the model was validated against patient data using statistical methods, while in (Das et al 2010) the robustness of the model responses to parametric uncertainty was demonstrated using analysis techniques from the field of Control Engineering. The total volume of all the alveoli should not be larger than the total lung capacity. The average human lung holds approximately 6 liters of air. The model used in this study has 100 alveolar compartments, thus limiting Valv ≤ 60ml.
 Peak alveolar pressure:
With the aim of limiting excessive pressures in individual alveolar compartments, a constraint is added limiting Palv ≤ 4 kpa above atmospheric.
The risk factors defined above are included as constraints in our optimization problem. In order to maintain effective arterial oxygenation (indicated by arterial partial pressure of oxygen, P aO2 ) and acid-base balance (through controlling arterial partial pressure of carbon dioxide, P aCO2 , also an indicator of alveolar ventilation), additional constraints are placed on these parameters, limiting to be higher than 8 kpa and to be lower than 8 kpa.
The optimization problem can then be stated mathematically as follows: Table 2 ). penalizes ventilator settings which generate large peak pressures, minimizing will produce ventilator settings which reduce the risk of VALI occurring. objective function, on the other hand, satisfies the requirement of optimum gas exchange. A 10-minute simulation time window is used for each objective function evaluation to ensure that the simulation has reached a steady state.
There are two main approaches to finding this optimal tradeoff between these sub-objective functions in the above optimization problem: 1) Combine the two objectives into a single (aggregated) objective function or 2) Consider the problem using a multi-objective algorithm to compute a population of solutions which lie on the Pareto-optimal front determining the trade-off between the two objectives. For the purpose of this investigation approach 1) is taken: by using a standard optimization algorithm such as a genetic algorithm (GA) or a pattern search algorithm (Mesh Adaptive Direct Search, MADS) to derive a globally optimal ventilator setting.
Aggregated functions are relatively straightforward to use and are compatible with conventional optimization algorithms (Jakob et al 1992 , Jones et al 1993 , but it is important that values of the different sub-objectives are normalized to ensure the given objective function remains unbiased in the overall optimization process. For the purpose of this investigation,
] = [4, 5, 4] are the difference in acceptable ranges given in column 2 of Table 2 ..
Since the numerical values of the parameters to be optimized vary significantly in magnitude (e.g. Vtidal is several hundred times larger than IE), the parameters themselves must also be normalized to avoid numerical problems with the chosen optimization routines. All four parameters vary within their previously mentioned bounds, normalized between -1 and 1.
For the above normalized aggregated objective function, two different optimization methods (a Genetic Algorithm (Mitchell 1998 ) and a pattern search algorithm known as Mesh Adaptive Direct Search (Audet et al 2007) ) were used to find the globally optimal solution x opt . More detailed information regarding these algorithms can be found later in the body of the article.
RESULTS
Previous experience (Das et al 2010) in working on similar objective spaces has indicated GA to be fairly good at exploring a complex and non-smooth search terrain for determining global optimum; while the pattern search technique of MADS had shown to be superior at converging relatively quickly to the global optimum. With this under consideration, a hybrid is proposed to utilize the qualities of both these methods.
The optimization process is run as follows: a Genetic algorithm with a population size of 50 is run for 30 generations. The sub-optimal result is then refined under the MADS algorithm until the improvement the cost function falls below the tolerance of 10 -3 . The stopping criteria for both these algorithms are primarily decided by the constraints on computing resources and time, however the process is finished with a sensitivity analysis around the optimum setting to confirm the derivation of a globally optimal solution. For details on such sensitivity analysis, the reader is referred to (Das et al 2010) .
As shown in Fig.1 (the light grey bars) , optimal settings, , for function , the optimal values found for the different ventilator settings make intuitive sense -if the aim is simply to minimize peak alveoli pressures, then all the settings are kept low.
For the sub-objective (optimal gas exchange), the same optimization approach was used. Consideration of these ventilator settings (Fig.3, dark grey bars) from a physiological point of view provides reassurance of the validity of the proposed approach, since optimal oxygenation would clearly be provided by higher values for the MV settings. Note also the relatively high external PEEP. Finally, the optimization result of is given (Fig.3, black bars) . For comparison, the optimization for was also run for a healthy lung (see Fig.1 ) and the results are presented in (Fig.3 , white bars).
DISCUSSION
The exact optimal ventilator settings suggested by our optimization approach are summarized in Table 3 . In this study, cost function attempts to minimize the potential risk from peak pressures of alveoli and maximizing gas exchange simultaneously.
Current industry practice of mechanical ventilation settings is based on broad "rule of thumb" suggestions, e.g. advisory settings in an Intensive Care Unit are -Vtidal can be set between 420-840 ml (patient body weight 70 kg), PEEP between 5-20 cmH 2 O, IE ratio between 0.25-0.5 and VentRate between 6-35 (ARDS Network 2000). Considerable effort is required on part of the MV administrator to decide and administer an output suited to individual patients.
The results of this study indicate that it is possible to satisfy the requirement of a mechanically ventilated patient while minimizing risk of damage to their lungs. For specific, diseased lungs, it is possible to recommend smaller ranges for the above inputs, which would be inherently supported by the built-in mathematical model. Considering Table 4 , for the diseased lung configuration, it can be concluded:
 Single minded application to improving oxygenation can submit the lung to unnecessarily excessive pressures.  The optimization interestingly, proposes an input much closer to a setting which might be considered closer to a patient"s a natural breathing pattern when compared to the result of optimization. This is important as a) there should be less risk of lung damage from these settings and b) it could possibly allow for a faster weaning off from a mechanical ventilator for a patient.
From Table 4 , it can be seen that all outputs are within the safety boundaries which were specified as constraints for the optimization problem (V alv ≤ 60ml, P alv ≤ 4kpa, P aCO2 ≤ 8kpa and P aO2 ≥ 8kpa). It should be noted that the MV setting of FiO 2 has not been included in this study and has been kept at 19.6% throughout. Its affect on oxygenation is significant but fairly predictive. Although in this initial study we have sought only to provide a proof-of-concept of the proposed framework, we have demonstrated the applicability (and potential) of the use of this novel technology in addressing problems of ventilator optimization. We have demonstrated credible outcomes for a healthy patient and a fairly simplistically simulated diseased patient clearly; the next step will be to apply our framework to the management of mechanical ventilation in specific disease states. Using our previously validated models of pulmonary critical illness (McCahon et al 2008) and other newly-validated disease models, we will explore the possibilities of ventilatory optimization for disease-specific groups. Finally, we must acknowledge that our in silico investigation is only as good as the data that inform the model and the strength of the assumptions we have had to make in building it. However, our recent work on model validation gives us confidence that our model provides a reliable representation of the important physiological processes involved in this complex system. Computational simulation allows us to draw together disparate knowledge, allowing the potential for a coherent understanding of organ-and organism-level processes, and translating a fragmented knowledge-base into potentially clinically-applicable treatment strategies. Subsequent in vivo testing will allow the direct translation of these strategies into clinical practice.
.
